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A novel immune model predicts 
the prognosis of mantle cell 
lymphoma
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Ping Yang , Weilong Zhang * and Hongmei Jing *
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Background: Mantle Cell Lymphoma (MCL) is a subtype of B-cell lymphoma 
characterized by varied clinical manifestations. The immune status is associated 
with MCL’s development and outcome. This study aims to evaluate the 
prognostic value of peripheral cytokines and blood lymphocyte subsets in MCL 
patients.
Methods: This retrospective study analyzed patients’ clinical characteristics, 
treatment strategies, progression-free survival (PFS), and overall survival (OS). 
Immune cell levels and cytokines were evaluated via peripheral blood flow 
cytometry. Prognostic models incorporating immune characteristics were 
developed using XGBoost algorithms.
Results: The study involved 78 MCL patients with a median follow-up period of 
40 months. The median PFS and median OS were 32 and 48 months. Univariate 
analysis linked poor PFS to factors including elevated β2-MG, Ann Arbor 
stage III-IV, low albumin levels (<35 g/L), high SUVmax (≥11), reduced T cells 
(<70.42%), reduced CD4 + T cells (<34.63%), and increased NK cells (≥8.37%). 
Factors linked to poor OS included the pleomorphic and blastoid subtypes, 
albumin below 35 g/L, and high SUVmax (≥11). Multivariate analysis identified 
high SUVmax (≥11) as an independent predictor of poor PFS and OS in MCL 
patients. XGBoost regression and classification models were developed to 
determine feature importance, highlighting five key features: SUVmax, LDH, IL-
2, TNF-α, and CD4 + T cells. A prognostic model using these immune features 
was created to predict patients’ PFS, dividing them into high-risk and low-risk 
categories. This model showed superior discriminatory power compared to the 
MIPI and MIPI-C models and had comparable calibration ability.
Conclusion: This study developed an innovative immune prognostic model 
for evaluating the prognosis of MCL patients, integrating immune factors with 
existing clinical features to improve prognostic evaluation.
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1 Introduction

Mantle cell lymphoma (MCL) is a unique subtype of B-cell non-Hodgkin lymphoma 
(NHL) characterized by the chromosomal translocation t (11; 14). Predominantly affecting 
the elderly, MCL exhibits considerable variability in clinical and biological characteristics, as 
well as prognosis (1–3). It is categorized into three subtypes: classic, blastoid, and pleomorphic 
(4). Developing an accurate prognostic model is crucial for optimizing the management of 
MCL patients. The Mantle Cell Lymphoma International Prognostic Index (MIPI) is a 
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traditional model that evaluates prognosis based on four clinical 
factors: age, lactate dehydrogenase (LDH) level, performance status, 
and leukocyte count (3, 5). MIPI is widely used and effectively predicts 
outcomes for MCL patients. The MIPI-C score enhances this model 
by adding the proliferation index ki-67%, categorizing patients into 
four risk groups with 5-year overall survival rates of 85, 72, 43, and 
17%. This refinement provides a more precise prognosis for MCL (6).

The immune system plays a vital role in defending against tumor 
development and progression, showing a significant association with 
prognosis and treatment response in lymphoma patients (7). Within 
the tumor immune microenvironment (TIME), immune cell subsets 
and cytokines are involved in lymphoma progression through 
regulation of immune escape and inflammatory responses (8). Recent 
advancements in lymphoma immunotherapy have shown promise, 
such as CAR-T therapy, immunomodulatory drugs, bispecific T cell 
engagers, and immune checkpoint inhibitors (9–12). However, 
traditional MIPI and MIPI-C scores do not incorporate immune-
related parameters, complicating the understanding of why patients 
with similar clinical characteristics have different prognoses and 
treatment responses. In clinical practice, peripheral blood lymphocyte 
subsets are utilized as biomarkers for assessing the immune status of 
MCL, with studies highlighting their prognostic significance in other 
lymphoma subtypes. Research has also explored the prognostic value 
of CD4 + T cells and CD8 + T cells in lymphoma patients (13). In 
B-cell Non-Hodgkin’s lymphoma, CD3 + CD8 + T lymphocytes have 
been associated with prognosis (14). Incorporating immune cell 
components and cytokines into prognostic models can optimize 
lymphoma patient management and improve clinical outcomes (15). 
Peripheral blood lymphocyte subsets and serum cytokines are 
accessible, convenient, and reproducible biomarkers. Integrating these 
immune indicators into prognostic models may provide new 
approaches for refining the prognostic assessment of MCL.

Extreme Gradient Boosting (XGBoost) is a robust ensemble 
learning algorithm recognized for its ability to handle non-linear feature 
relationships, evaluate feature importance, and resist overfitting. It is 
particularly useful in constructing medical prognosis models. Unlike 
traditional statistical methods, XGBoost systematically evaluates multi-
dimensional indicators with its built-in feature importance module, 
which in this study identified five core prognostic features in MCL. This 
study aimed to develop a prognosis model that incorporates immune 
parameters through a machine learning-based feature screening 
strategy to guide personalized treatment and management of MCL.

2 Materials and methods

2.1 Patients

The retrospective study analyzed data from mantle cell lymphoma 
(MCL) patients at Peking University Third Hospital between January 
2010 and November 2024. It included patients newly diagnosed with 
MCL who had a confirmed pathological diagnosis. Exclusion criteria 
were: (1) a history of other primary malignant tumors; (2) comorbid 
autoimmune diseases; (3) severe infections, such as septic shock or 
severe pneumonia. Baseline data collected encompassed age, gender, 
pathological subtype, stage, Eastern Cooperative Oncology Group 
performance status (ECOG) score, PET-CT results, B symptoms, bone 
marrow aspiration pathology, lymph node aspiration pathology, MIPI 

score, MIPI-C score, initial treatment method, and initial treatment 
efficacy. Additionally, peripheral blood lymphocyte subsets and serum 
cytokines were measured by flow cytometry at diagnosis. The primary 
endpoint of the study was progression-free survival (PFS), defined as 
the time from lymphoma diagnosis to disease progression, recurrence, 
or death from any cause. The secondary endpoint was overall survival 
(OS), defined as the time from diagnosis to death from any cause or to 
the last follow-up date.

2.2 Flow cytometric quantification of 
immune cell subsets

At least 4 mL of peripheral blood should be collected from 
patients with MCL at the initial diagnosis without treatment. After 
thoroughly mixing the blood with the lymphocyte subset analysis 
reagent, incubate in the dark for 15 min. Subsequently, hemolysin was 
added to lysate the sample to remove red blood cells, thoroughly 
mixed, and incubated at room temperature in the dark for 15 min. 
Immune cell subsets were detected by BD Biosciences flow cytometry, 
and data analysis was completed by BD FACSDiva software. The cell 
subsets tested include: Total T cells (CD3+), cytotoxic T cells 
(CD3 + CD8+), helper T cells (CD3 + CD4+), total lymphocytes 
(CD45+), natural killer (NK) cells (CD16 + CD56 + CD3-), γδT cells, 
early activated T cells (CD3 + CD69+), mid-activated T cells 
(CD3 + CD25 + ) and late-activated T cells (CD3 + HLA-DR+).

2.3 Cytokine analysis

Venous blood was collected from treatment-naive patients with 
MCL at the initial diagnosis into K2EDTA anticoagulant tubes. 
Samples were centrifuged at 1,000–2,000 g for 10 min at 4 °C to 
separate serum. The following cytokines were quantified: interleukin-2 
(IL-2), interleukin-4 (IL-4), interleukin-6 (IL-6), interleukin-8 (IL-8), 
interleukin-9 (IL-9), interleukin-10 (IL-10), interleukin-17A (IL-17A), 
interferon-α (IFN-α), granulocyte colony-stimulating factor (G-CSF), 
and tumor necrosis factor-α (TNF-α).

2.4 Construction of the prognostic model

Data preprocessing is performed using Python 3.8. The dataset is 
divided randomly into a training set and a test set, following a 7:3 ratio. 
The training set serves the dual purpose of feature selection and model 
training. In contrast, the test set is designated for the initial evaluation of 
performance. Multiple Imputation (MI) handles missing values. All 
features are standardized with StandardScaler. Separate XGBoost models 
are trained for regression and classification tasks. XGBoost’s built-in 
feature importance assessment calculates feature importance scores, 
identifying core clinical and immune factors vital for predicting MCL 
prognosis. After normalization, these scores are sorted in descending 
order to select key features for the development of MCL prognostic 
model. Regression coefficients from Cox regression analysis are used to 
assign corresponding scores. Patients are divided into low-risk and high-
risk groups based on the median risk scores. Survival curves are plotted 
using the Kaplan–Meier method, and the Log-rank test compares survival 
differences between groups. We used the bootstrap method with 1,000 
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resamplings of the full cohort to compute time-dependent area under the 
curve (AUC) and assess the prognostic performance of the immune 
scoring model. AUC analyses were performed in Python using the 
cumulative_dynamic_auc function from the scikit-survival package. This 
function addresses censoring mainly through the inverse probability of 
censoring weighting (IPCW) approach.

2.5 Statistical analysis

This study employs Python 3.8 and GraphPad Prism 9 for 
statistical analysis and visualization. Continuous variables including 
clinical indicators and immune parameters were tested for normality 
with the Shapiro–Wilk test. Normally distributed data are reported as 
mean ± standard deviation; nonnormal data are reported as median 
(interquartile range). Categorical variables are presented as counts and 
percentages. For the purpose of group comparisons, continuous 
immune variables were dichotomized into two groups based on 
optimal cutoff values determined by maximizing the log-rank test 
statistic. Between-group comparisons of categorical variables were 
performed using the Chi-square test. Univariate survival analysis 
utilizes the Kaplan–Meier method, with the Log-rank test applied to 
assess survival differences among groups. Multivariate survival 
analysis is conducted using the Cox proportional hazards regression 
model. Statistical significance is denoted by a p-value less than 0.05.

3 Results

3.1 Cutoff values of peripheral blood 
lymphocyte subsets

Optimal cutoff values for lymphocyte subsets and serum cytokines 
were determined by maximizing the Log-rank test statistic. For total T 
cells, the cutoff was set at 70.42%, with 55.1% of patients exceeding this 
percentage. CD4 + T cells had a threshold of 34.63%, surpassed by 
29.5% of patients, while CD8 + T cells had a cutoff of 43.97%, with 
28.2% exceeding it. The cutoff for a decreased proportion of γδT cells 
was 5.76%, exceeded by 47.4% of patients. NK cells had a cutoff of 
8.37%, with 20.5% of patients above this level. Regarding cytokines, the 
IL-2 cutoff was 1.89 pg./mL, with 57.7% of patients exceeding this value. 
TNF-α had a cutoff of 2.16 pg./mL, with 57.7% above this level, and 
G-CSF had a cutoff of 2.58 pg./mL, with 61.5% of patients exceeding it.

3.2 Clinical characteristics of patients

Table 1 presents the clinical characteristics of 78 patients with 
MCL. The median follow-up was 40 months, with median PFS and OS 
at 32 and 48 months, respectively. Patient ages ranged from 34 to 
87 years, with a median age of 59. Notably, 18 patients (23.1%) were over 
65. Eleven patients (14.1%) had an ECOG performance status above 1 
score. B symptoms were observed in 24.4% of patients. A Ki-67 index 
greater than 30% was observed in 52 patients (66.7%). Elevated Lactate 
Dehydrogenase (LDH) and β2-microglobulin (β2-MG) levels were 
found in 37.2 and 47.4% of patients, respectively. Serum albumin (ALB) 
levels were below normal in 15 patients (19.2%). At diagnosis, 70 
patients (89.7%) were in stage IV of the Ann Arbor stage.

Patients were categorized using the classical clinical risk rating 
systems, MIPI and MIPI-C. According to the MIPI system, 33 patients 
(42.3%) were classified as low risk, 27 patients (34.6%) as intermediate 
risk, and 18 patients (23.1%) as high risk. In contrast, the MIPI-C 
system identified 40 patients (51.3%) as low and low-intermediate 
risk, while 48.7% were classified as intermediate-high and high risk.

TABLE 1  Characteristics of the patients at baseline.

Characteristic N (%)

Gender

 � Male 64 (82.1%)

 � Female 14 (17.9%)

Age

 � Median (range) 59 (34, 87)

 � <65 60 (76.9%)

 � ≥65 18 (23.1%)

B symptoms

 � No 59 (75.6%)

 � Yes 19 (24.4%)

Albumin

 � <35 g/L 15 (19.2%)

 � ≥35 g/L 63 (80.8%)

Stage

 � I 0

 � II 3 (3.8%)

 � III 5 (6.5%)

 � IV 70 (89.7%)

Ki-67 index

 � <30% 26 (33.3%)

 � ≥30% 52 (66.7%)

ECOG performance status score

 � 0–1 67 (85.9%)

 � ≥2 11 (14.1%)

β2-MG

 � Normal 39 (50.0%)

 � Elevated 37 (47.4%)

LDH

 � <250 U/L 49 (62.8%)

 � ≥250 U/L 29 (37.2%)

MIPI

 � Low risk 33 (42.3%)

 � Intermediate risk 27 (34.6%)

 � High risk 18 (23.1%)

MIPI-C

 � Low and low-intermediate risk 40 (51.3%)

 � Intermediate-high and high risk 38 (48.7%)

ECOG, Eastern Cooperative Oncology Group performance status; MIPI, Mantle Cell 
Lymphoma International Prognostic Index; β2MG, β2-Microglobulin; LDH, Lactate 
Dehydrogenase.
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The first-line treatments included BR (Bendamustine + 
Rituximab), R-CHOP (Rituximab + Cyclophosphamide + 
Doxorubicin + Vincristine + Prednisone), HyperCVAD 
(Cyclophosphamide + Vincristine + Doxorubicin + Dexamethasone/
Methotrexate + Cytarabine), R-EPOCH (Rituximab + Etoposide + 
Prednisone + Vincristine + Cyclophosphamide + Doxorubicin), 
VR-CAP (Bortezomib + Rituximab + Cyclophosphamide + 
Doxorubicin + Prednisone), IR (Ibrutinib + Rituximab), and ZR 
(Zanubrutinib + Rituximab). Specifically, 11 patients received BR, 48 
patients received R-CHOP, 10 patients received R-EPOCH, and 2 
patients received HyperCVAD. The remaining 7 patients were treated 
with IR, VR-CAP, ZR regimens, or their regimens were unknown. In 
this cohort, 14 patients (17.9%) underwent rituximab maintenance 
therapy following initial treatment. Additionally, 38 patients (50.7%) 
achieved complete remission (CR) after first-line treatment.

3.3 Immunological characteristics of 
different MIPI-C risk stratifications

The MIPI-C is a well-established prognostic scoring system for 
MCL that incorporates five independent clinical factors: age, ECOG 
performance status, LDH level, white blood cell count, and Ki-67 
percentage. Using MIPI-C, 78 MCL patients were divided into two 
groups: low risk and high risk. The low-risk group includes individuals 
from the low-risk and low-intermediate risk categories, while the 

high-risk group comprises those classified as intermediate-high risk 
and high risk. Table 2 illustrates the immune characteristics of each 
group. The MIPI-C low-risk group had a significantly higher 
proportion of patients with CD4 + T cell levels ≥34.63% (46.2% vs. 
12.8%, p = 0.002) and a higher percentage of patients with IL-2 levels 
≥1.89 pg./mL (71.8% vs. 43.6%, p = 0.021) compared to the high-risk 
group. These results indicate a potential association between the 
proportion of CD4 + T cell, IL-2 levels and patient prognosis. 
However, no significant differences were observed in the proportions 
of CD8 + T cells, γδT cells, NK cells, or immune markers such as 
TNF-α and G-CSF across the MIPI-C risk categories.

3.4 Prognostic factors of mantle cell 
lymphoma

The median follow-up for patients in this cohort was 40 months. 
PFS rates at 1, 3, and 5 years were 36.0, 16.7, and 2.6%, respectively. 
OS rates for the same periods were 72.1, 53.8, and 17.9%. A univariate 
analysis of 78 patients with MCL identified several risk factors for 
poor PFS: elevated β2-MG (p = 0.05), Ann Arbor stage III-IV 
(p = 0.024), albumin levels below 35 g/L (p = 0.008), and a high 
SUVmax of ≥ 11 (p < 0.001). For OS, pleomorphic and blastoid 
pathological types (p = 0.002), low albumin levels (p = 0.018), and 
high SUVmax (p < 0.001) were significant risk factors. In examining 
immune characteristics, a low total T cell proportion (<70.42, 

TABLE 2  Immune characteristics of different risk stratifications of MIPI-C.

Immune parameter MIPI-C p-value

Low risk High risk

CD4 + T cell 0.002

 � <34.63% 21(53.8%) 34(87.2%)

 � ≥34.63% 18(46.2%) 5(12.8%)

CD8 + T cell 0.451

 � <43.97% 30(76.9%) 26(66.7%)

 � ≥43.97% 9(23.1%) 13(33.3%)

γδT cell 0.650

 � <5.76% 19(48.7%) 22(56.4%)

 � ≥5.76% 20(51.3%) 17(43.6%)

NK cell 0.160

 � <8.37% 34(87.2%) 28(71.8%)

 � ≥8.37% 5(12.8%) 11(28.2%)

TNF-α 0.066

 � <2.16 pg./mL 12(30.8%) 21(53.8%)

 � ≥2.16 pg./mL 27(69.2%) 18(46.2%)

IL-2 0.021

 � <1.89 pg./mL 11(28.2%) 22(56.4%)

 � ≥1.89 pg./mL 28(71.8%) 17(43.6%)

G-CSF 0.244

 � <2.58 pg./mL 12(30.8%) 18(46.2%)

 � ≥2.58 pg./mL 27(69.2%) 21(53.8%)

NK cell, Natural Killer Cell; G-CSF, Granulocyte Colony-Stimulating Factor.
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p = 0.012), decreased CD4 + T cell proportion (<34.63, p = 0.039), 
and increased NK cell proportion (≥8.37, p = 0.043) were associated 
with poor PFS (Figure 1). A multivariate analysis focused on clinical 
characteristics with p < 0.1 revealed that a maximum standardized 

uptake value (SUVmax) of ≥ 11 on PET-CT was an independent risk 
factor associated with both poor PFS (HR = 1.475, 95% CI: 1.094–
1.987, p = 0.011) and poor OS (HR = 1.74, 95% CI: 1.099–2.774, 
p = 0.018).

FIGURE 1

Kaplan–Meier survival curves of peripheral blood immune cell subsets in patients with MCL. (A,B) PFS and OS curves stratified by the percentage of 
total T cells (cutoff value = 70.42%). (C,D) PFS and OS curves stratified by the percentage of CD4+T cells (cutoff value = 34.63%). (E,F) PFS and OS 
curves stratified by the percentage of natural killer (NK) cells (cutoff value = 8.37%). All survival differences were analyzed by the Log-rank test. PFS, 
progression-free survival; OS, overall survival.
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3.5 Establishment of a prognostic model 
based on immune function

We developed a prognostic model focused on immune 
function, using PFS as the endpoint. The model included 18 
candidate features, comprising both immune function and clinical 
characteristics. Specifically, it incorporated 8 clinical features: 
Ki-67, pathological subtype, stage, B symptoms, ECOG score, 
albumin, LDH, and SUVmax from PET-CT at initial diagnosis. 
Additionally, it included 10 immune function features: T cells, 
CD4 + T cells, CD8 + T cells, γδT cells, NK cells, early and late 
activated T cells, TNF-α, IL-2, and G-CSF. The dataset was 
randomly divided into a training set and a test set in a 7:3 ratio. The 

training set was used for feature selection and model training, 
while the test set validated preliminary performance. All features 
were standardized using StandardScaler. We constructed separate 
XGBoost regression and classification models and assessed the 
contribution of each indicator through feature importance analysis. 
Then we calculated the comprehensive importance of features 
using a weighted synthesis method. The top 10 features’ importance 
is detailed in the Figure 2A. Among these, the five key features 
identified were SUVmax (0.584), LDH (0.573), IL-2 (0.527), TNF-α 
(0.496), and CD4 + T cell (0.385). These features were used to 
construct the prognosis model. A multivariate Cox regression 
analysis was performed on these five features (Figure 2B). Using 
the significance of the Cox regression coefficients, we established 

FIGURE 2

Construction of prognostic models and comparison of prognostic capabilities. (A) Ranking of feature importance based on separate XGBoost 
regression and classification models. The comprehensive importance score was calculated via weighted synthesis, with SUVmax, LDH, IL-2, TNF-α, and 
CD4+ T cells identified as the top five key features. (B) HR plot of key features derived from multivariate Cox regression analysis. (C,D) ROC curves 
analysis of Immuno-Clinical Risk Score, MIPI, and MIPI-C for 3-year and 5-year PFS prediction. The Immuno-Clinical Risk Score exhibited a higher AUC 
compared with MIPI and MIPI-C. SUVmax, maximum standardized uptake value; LDH, lactate dehydrogenase; IL-2, interleukin-2; TNF-α, tumor 
necrosis factor-α; HR, hazard ratio; ROC, receiver operating characteristic curve; AUC, area under the curve; MIPI, Mantle Cell Lymphoma International 
Prognostic Index.
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a formula to calculate each patient’s individual risk score. The risk 
score was determined by the linear summation of the product of 
the regression coefficient and the feature value. The specific 
formula is as follows:

	

( )
( ) ( )

( )

Risk Score 0.325 LDH IU / L 0.252 SUVmax
0.287 TNF pg / mL 0.214 IL 2 pg / mL
0.199 CD4 T cell %

= × + ×
+ × −α − × −
− × +

Patients were divided into high-risk and low-risk groups using a 
median risk score of 6.137. Individuals scoring over 6.137 were 
deemed high-risk, whereas scores equal to or below 6.137 denoted 
low-risk. The concordance index (C-index) of the model was 0.680. 
Kaplan–Meier survival analysis showed significantly better PFS 
(p = 0.012) and better OS (p = 0.018) in the low-risk group compared 
to the high-risk group, indicating the model’s effectiveness in 
predicting PFS and OS (Figures 3A,B). Additionally, Kaplan–Meier 
analysis for PFS and OS was performed using the MIPI and MIPI-C 
models within this cohort. Both models demonstrated significant 
differences in PFS across their risk strata (Figures 3C–F). As for OS, 
distinct prognostic differences were observed among different risk 
strata of MIPI-C, whereas no significant prognostic differences were 
found in the risk stratification of MIPI. Overall, this immune-clinical 
model exhibited strong discriminatory power for PFS and OS 
compared to previous models.

We evaluated the prognostic efficacy of our model using 1,000 
iterations of repeated sampling verification with the Bootstrap 
method. The results showed that our model’s average area under 
the curve (AUC) for predicting 3-year PFS was 0.812 (95% CI: 
0.749–0.875). In contrast, the MIPI score’s average AUC for 
predicting 3-year PFS was 0.710 (95% CI: 0.632–0.785), and the 
MIPI-C score’s average AUC was 0.709 (95% CI: 0.635–0.789). For 
predicting 5-year PFS, the average AUC of the new model was 
0.736 (95% CI: 0.606–0.874), that of MIPI was 0.726 (95% CI: 
0.622–0.833), and that of MIPI-C was 0.719 (95% CI: 0.618–0.826) 
(Figures 2C,D). These results suggest that our model provides 
superior prognostic value. To evaluate calibration, we plotted a 
calibration curve to compare predicted probabilities with actual 
outcomes (Figure 4). The curve for 3-year and 5-year PFS 
demonstrated that the consistency between predicted and actual 
values in our model was on par with the MIPI and MIPI-C scores. 
This underscores the reliability of our immune function-based 
prognostic model as a valuable tool.

4 Discussion

Mantle cell lymphoma (MCL) exhibits diverse clinical symptoms 
(1, 16). Traditional prognostic models mainly rely on standard clinical 
parameters, often neglecting the role of the immune microenvironment 
and the patient’s immune status (5, 17). As a result, these models do 
not fully account for how immune function affects prognosis. In our 
study, we retrospectively analyzed peripheral blood immune 
indicators and clinical data from 78 MCL patients. We thoroughly 
investigated the prognostic value of lymphocyte subsets and cytokines. 

Using machine learning techniques, we developed a prognostic model 
that incorporates immune features. This model not only confirms 
previous research findings but also quantifies clinical immune 
indicators, improving their utility in assessing MCL prognosis.

Research has increasingly focused on the link between immune 
cells and prognosis in MCL (Table 3). Nygren et al. analyzed lymph 
node samples from MCL patients, finding that higher levels of 
CD4 + T cells were associated with better clinical outcomes (13). 
This finding provides evidence supporting the prognostic 
significance of CD4 + T cells in MCL. Zhang et al. further 
expanded this research to peripheral blood, demonstrating that a 
low absolute CD4 + T cell count is associated with poor prognosis 
in patients with MCL. These findings support the clinical utility of 
peripheral blood immune markers for prognostic assessment in 
MCL (18). Zhou et al. conducted a retrospective analysis showing 
that a low absolute count of NK cells in peripheral blood correlated 
with reduced overall survival (OS) in MCL patients (19), suggesting 
that fewer NK cells may weaken the anti-tumor immune response. 
Li et al. used immunohistochemistry to demonstrate that a high 
density of CD68 + and CD163 + macrophages in the MCL tumor 
microenvironment is linked to poor OS (20), emphasizing the 
prognostic importance of local tumor immune cells. Zhu et al. 
found that CD3 + T cells are an biomarker for better prognosis 
(21). In the present study, stratified analysis by MIPI-C score 
revealed that 46.2% of patients in the low risk group had CD4 + T 
cell percentages >34.63%, whereas only 12.8% of patients in the 
high risk group exceeded this threshold (p = 0.021). This finding 
demonstrates an association between CD4 + T cells and traditional 
clinical risk stratification, confirming their role as a prognostic 
factor. Furthermore, the study identified a critical threshold of 
34.63% for the CD4 + T cell proportion in peripheral blood as a 
prognostic marker for MCL. A CD4 + T cell proportion of 
≤34.63% was significantly associated with poorer PFS (p = 0.039). 
The results are consistent with prior tumor microenvironment 
studies showing that higher CD4 + T cell level in peripheral blood 
and tumor microenvironment correlate with better prognosis in 
MCL (13).

Cytokines, as signaling molecules among immune cells, reflect the 
body’s immune status through their level variations. While most MCL 
related studies focused on immune cell components, research on 
cytokines’ prognostic significance in MCL is limited. This study 
explored the prognostic association of IL-2 and TNF-α in MCL. IL-2 
promotes T cell and NK cell proliferation and activation, enhancing 
the anti-tumor immune response (22–24). In contrast, TNF-α, a 
pro-inflammatory cytokine, amplifies pro-inflammatory signals and 
anti-apoptotic regulators, supporting lymphoma tumor cell growth 
and proliferation (25). The study found that MCL patients with higher 
IL-2 levels were associated with better prognosis, whereas those with 
increased TNF-α levels were associated with worse prognosis. These 
findings align with the immunobiological roles of IL-2 and TNF-α.

However, although the peripheral blood findings in this study 
align with prior reports linking the tumor immune 
microenvironment to MCL prognosis, the relationship between 
peripheral immune parameters and the local tumor immune milieu 
warrants caution. Peripheral immune phenotypes do not fully 
reflect tissue-specific immune infiltration within tumors, and 
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therefore cannot be treated as direct proxies for the tumor 
microenvironment. In addition, blood immune cell composition 
and cytokine levels are shaped by systemic factors such as infection 
and stress and are dynamically variable, which limits their reliability 
as stable prognostic biomarkers.

MIPI and MIPI-C are well-established prognostic models for 
MCL, with MIPI-C improving upon MIPI by incorporating Ki-67 to 
classify patients into four risk categories (6). However, both models 
fail to account for immune status, making it challenging to explain 
prognostic differences among patients with similar clinical 

FIGURE 3

Kaplan–Meier survival curves of different prognostic model. (A,B) PFS and OS curves stratified by the Immuno-Clinical Risk Score (median cutoff 
value = 6.137). (C,D) PFS and OS curves stratified by MIPI. (E,F) PFS and OS curves stratified by MIPI-C. All survival analyses were performed using the 
Log-rank test. PFS, progression-free survival; OS, overall survival; MIPI, Mantle Cell Lymphoma International Prognostic Index.
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FIGURE 4

Calibration curves of prognostic models for PFS prediction. (A,B) Calibration curves for 3-year and 5-year PFS of the immuno-clinical risk score. (C,D) 
Calibration curves for 3-year and 5-year PFS of MIPI. (E,F) Calibration curves for 3-year and 5-year PFS of MIPI-C. The x-axis represents the predicted 
probability, and the y-axis represents the actual probability; the ideal line indicates perfect calibration. PFS, progression-free survival; MIPI, mantle cell 
lymphoma international prognostic index.
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characteristics. This study presented a novel prognostic model that 
integrates both clinical and immune features. Utilizing XGBoost, we 
identified five critical features: LDH, SUVmax, CD4 + T cells, IL-2, 
and TNF-α. Importantly, CD4 + T cells, IL-2, and TNF-α are 
immune-related markers. By incorporating immune markers with 
tumor functional imaging indicators like SUVmax, we significantly 
enhanced the model’s clinical relevance. After performing efficient 
feature selection using XGBoost, we assigned prognostic scores to 
the features through Cox regression analysis to enhance the 
interpretability of the prognostic model. Scoring was based on a 
simple linear formula derived from the Cox regression, effectively 
stratifying patients into distinct risk groups that exhibited significant 
differences in progression-free survival and overall survival 
outcomes. PET-CT and LDH are routine examinations for 
lymphoma patients, while peripheral blood immune function testing 
is more accessible, noninvasive, and repeatable compared with 
assessment of the tumor microenvironment. This risk stratification 
can be evaluated at initial diagnosis using readily available clinical 
indicators, making it applicable in clinical practice. Furthermore, 
this model showed superior discriminatory power compared to the 
MIPI and MIPI-C models and had comparable calibration ability, 
indicating its potential in predicting prognosis in MCL.

This study had several limitations. First, it was a single-center 
retrospective study with a small sample size and lacks external 
validation. To verify the model’s effectiveness, a multi-center 
prospective cohort study is required. Second, the study exclusively 
examined peripheral blood immune indicators, and the relationship 
between peripheral blood immune function and the tumor immune 
microenvironment is not definite. Future research should include 
immune cell analysis from tumor tissues to investigate the relationship 
between the tumor immune microenvironment and peripheral blood 
immune function. This approach could reveal the specific mechanisms 
by which immune cells and factors affect the progression of MCL, 
providing mechanistic insights for targeted MCL therapy.

This work supported existing prognosis studies on MCL and 
showed that CD4 + T cell, NK cell, IL-2, TNF-α were good 
prognostic markers. It also found important thresholds for CD4 + T 
cells (34.63%), IL-2 (1.89 pg./mL) and TNF-α (2.16 pg./mL). The 
immune-clinical integration model developed in this work is 

discriminatory and has preliminary predictive potential for the 
prognosis of MCL. This model and the identified immune 
associations warrant validation in future multicenter prospective 
studies and may inform further research into the role of immunity 
in MCL progression.
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Year Lymphoma Tissue source Immune cells Prognosis References
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CD4/CD8
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(13)

2016 MCL Peripheral blood CD4

CD4/CD8

Better

Better

(18)

2019 MCL Peripheral blood AMC

NK

Worse

Better

(19)

2021 MCL Lymph node M1

M2

Worse

Worse

(20)

2022 MCL Peripheral blood CD4

CD8

Better

Worse

(15)

2025 MCL Tumor tissue CD3 Better (21)

B-NHL, B-cell Non-Hodgkin’s Lymphoma; MCL, Mantle Cell Lymphoma; CD4, CD4 + T cell; CD8, CD8 + T cell; CD4/CD8, Ratio of CD4 + T cell to CD8 + T cells; AMC, Absolute Monocyte 
Count; NK, Natural Killer Cell; M1, M1-type Macrophage; M2, M2-type Macrophage; CD3, CD3 + T cell.
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